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ABSTRACT: Current lithium-ion battery (LiB) recycling infrastructure is 
limited for strategic metals such as lithium and cobalt, despite projections that 
millions of electric vehicles (EVs) will hit the road in the next decade. 
Governments have labeled lithium and cobalt as “strategic” due to their 
importance in emerging green technologies as well as “critical” due to the 
increased risk of supply disruption resulting from geographic supply 
concentration, low substitutability, and low end-of-life recycling rates (EOL-
RR’s). This paper aims to assist stakeholders conceptualize EV battery packs 
as a source of strategic metals and to help improve EOL-RR’s for lithium and 
cobalt. Specifically, this paper demonstrates the value of EV battery packs as a 
source of metals compared to natural resources and outlines advantages and 
disadvantages of thermal and mechanical recycling processes in terms of energy 
consumption, variable costs and maximum recoverable metal value. Findings 
suggest that EV battery packs contain favorable concentrations – often 1 
magnitude higher – of lithium, cobalt, nickel and copper compared to respective 
economic ores. Disassembling the EV battery pack to the cell level increases 
cobalt, lithium and nickel concentrations since they are part of the cathode 
active material. Between thermal and mechanical recycling processes, the key 
tradeoff is between process time and the ability to recover lithium. Thermal 
recycling requires less processing time than mechanical recycling, resulting in 
lower variable costs per battery pack, but mechanical recycling yields a higher 
maximum recoverable metal value since lithium can be recovered along with 
cobalt, copper and nickel.  
KEYWORDS: metals recycling, recyclability, sustainability, secondary 
resources, electric vehicles, lithium-ion batteries 
ABBREVIATIONS: End of life (EOL), Cathode Active Material (CAM), 
Greenhouse Gas (GHG), Lithium-ion battery (LiB), kilowatt-hour (kWh), 
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In recent years, automotive manufacturers have generated significant public 
interest from the announcement of multi-billion dollar investment plans for 
Battery Electric Vehicle (BEV) production (Wall Howard, 2019),(Sherman, 
2018). BEVs are defined as electric vehicles (EVs) with only electrified 
powertrains, unlike plug-in hybrid electric vehicles (PHEVs) that use electrified 
powertrains and internal combustion engines. While the media and the public 
have focused primarily on the production and use phase of BEV battery packs, 
there have been fewer public statements regarding end-of-life (EOL) plans to 
capture battery packs’ residual value. In China, recycling studies  have 
identified BEV lithium-ion battery packs as part of a key reservoir for high-tech 
metals (Zuo et al., 2019). Battery packs are strong candidates for recycling 
because they often contain higher concentrations of specific metals, such as 
cobalt and lithium, than natural resources. Governments have labeled cobalt and 
lithium as “strategic” due to their importance to emerging green technologies 
(Bradley et al., 2017) as well as “critical” due to the increased risk of supply 
disruption resulting from geographic supply concentration, low substitutability, 
and low EOL recycling rates (Commission, 2017).  
Current recycling infrastructure is limited for strategic metals such as lithium 
and cobalt, despite projections that millions of EVs will hit the road in the next 
decade. Overall, lithium-ion batteries’ (LiBs) EOL recycling rate (EOL-RR) is 
estimated to be very low globally (Zeng et al., 2014),(Zhan et al., 2018) and in 
China less than 10% (Gu et al., 2017). In Belgium, roughly 24% of LiBs are 
accumulated in homes with 10-13.5% ending up in landfills (Lizin et al., 2017). 
While the majority of LiBs available for recycling are from portable electronic 
devices and not EVs, the low recycling rates indicate a lack of a recycling 
system involving scaled recovery processes. In terms of metals recycling, 
metallurgical cobalt used in steel mattes, magnets and tools has an (EOL-RR) 
greater than 50%, chemical cobalt used in battery materials is not tracked. 
Lithium in all forms has an EOL-RR less than 1% of all lithium placed in market 
via products and technologies (Graedel et al., n.d.). 
There is a pressing need to understand 1) the degree to which the BEV battery 
pack is desirable for recycling and 2) the advantages and disadvantages of 
different recycling processes. This paper aims to assist stakeholders to 
conceptualize the BEV battery packs as a source of strategic metals and to help 
improve EOL-RR’s for lithium and cobalt. Specifically, this paper quantifies 
the attractiveness of BEV battery packs as a source of metals compared to 
natural resources. Additionally, this paper models and discusses the energy 
consumption, variable costs, and maximum recoverable metal value from 
thermal and mechanical separation processes to better inform the battery 




1.1 EOL Materials as Resources 
Although the recycling infrastructure for specific commodities has existed for 
decades, the concept of EOL materials as sources of metal reserves is a 
relatively new concept. Starting in the early 2000’s, material flow analysis 
(MFA) studies have calculated and assessed the metal stocks and flows 
associated with the EOL phase of automobiles (Dahmus and Gutowski, 2007), 
cell phones (Dahmus and Gutowski, 2007),(Cucchiella et al., 2015),(Zeng and 
Li, 2016a), lead-acid automotive batteries (Johnson et al., 2007), LiB cells 
(Zeng and Li, 2016a), LCD monitors (Cucchiella et al., 2015), and refrigerators 
(Johnson et al., 2007). One method of assessing whether the materials within a 
given technology are attractive for recycling is by comparing the concentration 
of metals in the technology to those of corresponding economic ores.  
T.K. Sherwood’s 1959 study of the relationship between chemicals’ market 
prices and their dilutions in mixed streams serves as the seminal work for most 
studies of EOL recycling attractiveness. Sherwood captures the relationship 
between chemical dilution and market price on a log-log plot, asserting that 
magnitude increases in dilution are accompanied by equal increases in price  
(Sherwood and Ryan, 1959). For comparison to ore bodies, the dilution of a 
target metal in an ore is represented by the inverse of the target metal’s ore 
grade. 
As dilution and price increase on the log-log plot, plotted metal prices and metal 
dilutions in economic ores maintain a positive correlation across the log-log 
plot, representing the minimum price required to mine an ore with 
corresponding dilution. This plot is referred to as a “Sherwood Plot” and the 
correlation line is referred to as the cost-grade relationship (Holland and 
Petersen, 1995). In the context of recycling attractiveness, the line can be 
thought of as an economic recovery boundary.  Several studies liken the 
Sherwood plot and economic recovery boundary to cut-off grades for ore 
extraction and processing in mining (Charles et al., 2017). If the ore does not 
meet a certain cut-off grade, it is not economical to mine. In turn, if the target 
metals in a product are highly diluted (i.e. to the right of the economic recovery 
boundary), recycling is less favorable than obtaining the metals from ore.  
While the Sherwood Plot is not a definitive representation of resource 
economics due to various technical, economic, and socio-political complexities 
(Rudenno, 2012), Sherwood Plots and the economic recovery boundary can be 
useful for broad characterization of resource attractiveness (Dahmus and 
Gutowski, 2007),(ALLEN and Behmanesh, 1994).  
For metals recycling, the Sherwood Plot was first applied to compare the 
dilution of chromium, lead, and cadmium in industrial wastes to dilutions in 
economic ores, finding that waste streams have lower dilutions on average (i.e. 
higher concentrations) of each target metal than the corresponding economic 
ores.(ALLEN and Behmanesh, 1994) Since then, studies have confirmed that 
EOL products contain lower dilutions of certain target metals than most ores. 
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Johnson et al. found that dilutions of copper, gold, silver and platinum in circuit 
boards and cell phones plot far to the left of the economic recovery boundary 
(Johnson et al., 2007),(Cucchiella et al., 2015). In another study of precious 
metal concentrations in personal computer (PC) dynamic random access 
memory (DRAM) drives, the drives contained gold concentrations between 400 
– 1000 ppm (Charles et al., 2017), which is 2 - 3 magnitudes higher than 
economic ore bodies grading 1-8 ppm (Rudenno, 2012).  
This study adds to literature by applying the Sherwood Plot to an emerging 
technology, the BEV battery pack. The BEV battery pack’s attractiveness as a 
source of lithium, cobalt, nickel and copper can be assessed by comparing its 
dilution of target metals to those in economic ores.   
1.1.2 Calculations – EOL Material Mixing and Statistical Entropy vs. 
Thermodynamic Entropy 
EOL technologies present significant challenges since they comprise materials 
that do not occur naturally together nor in the purities found in technologies, 
such as refined metallic pieces or alloys. In one recycling study, the average 
EOL technology contained 41 materials - presenting the opportunity for 
recovering multiple target metals (Cucchiella et al., 2015), but also the 
difficulty of separating mixed materials into useable forms. Studies have 
captured the degree of material mixing in EOL technologies by calculating 
statistical entropy. Statistical entropy captures the heterogeneity and 
proportionality of individual elements in a mixture. In product recycling, 
statistical entropy (H) quantifies the number of binary separation steps to isolate 
a unique material within a mixed material product (Dahmus and Gutowski, 
2007). Rooted in information theory, Claude Shannon quantified statistical 
entropy, H, in his Noiseless Coding Theorem that estimates the average word 
length within given systems of discrete symbols. Shannon defined H as the 
summation of each symbol’s probability of occurrence pi within the set of 
symbols multiplied by the natural logarithm of pi (Shannon and Weaver, 1964). 
K is a constant that is used as a unit measure. Entropy (H) is measured in bits. 




Equation 1: Statistical Entropy Function 
Contrary to the more traditional concept of entropy, statistical entropy does not 
quantify the amount of thermodynamic work required to attain a specific, and 
highly ordered, configuration of these materials. Since it does not measure 
thermodynamic work, statistical entropy cannot distinguish between physically 
and chemically mixed goods; rather, it captures the probability of encountering 




Statistical entropy has been used as a product recycling heuristic, a component 
of a product recyclability calculation, and as a metric in a recycling desirability 
index (Dahmus and Gutowski, 2007; Mohamed Sultan et al., 2017; Zeng and 
Li, 2016b). Gutowski and Dahmus use statistical entropy as a heuristic - 
comparing a technology’s sum of contained target metals prices and its 
statistical entropy to determine if it should be recycled. Graphically, the prices 
of contained target metals are on the y-axis in log scale and statistical entropy 
in bits (H) is on the x-axis – forming what is referred to as an apparent recycling 
boundary. The apparent recycling boundary uses statistical entropy calculations 
to compare the degree of material mixing in several products just like dilution 
is used to compare metal concentrations across ores. The difference is that 
statistical entropy can provide greater detail on the relationship between 
multiple targets metals and materials in one product whereas dilution only 
provides insight into the amount of one target metal in a mixture.  
Statistical entropy is also used as a component of a broader recyclability 
calculation that combines a product’s statistical entropy and the oxidation states 
of its chemically combined elements. This recyclability calculation 
contemplates  the thermodynamic work required to break chemical bonds and 
distinguishes between physical and chemical mixing (Zeng and Li, 2016a).  
In recycling desirability indexes, statistical entropy serves  material separation 
calculation, which is combined with a technology readiness level (TRL) 
calculation and a material security calculation  to compute a product’s score on  
recycling desirability index (Mohamed Sultan et al., 2017).  
In the present work, statistical entropies are calculated in bits at disassembly 
and pre-treatment levels to assess the efficiency of recycling steps in producing 
lower entropy or “purer” feedstocks for final recovery. Ultimately, the 
Sherwood plot combined with the Shannon calculation helps determine the 
recyclability of the battery pack – the ability to produce useable inputs that can 
be reintegrated in the battery supply chain. 
1.2 Lithium-ion Battery (LiB) Recycling Processes  
Most LiB recycling studies focus on recovering the LiB cells’ cathode active 
material (CAM), which contains combinations of lithium, cobalt and nickel in 
the case of BEVs (Olivetti et al., 2017). The CAM presents significant incentive 
for recycling because it is reported to be the second largest material cost and 
GHG emissions contributor in battery manufacturing.(Ciez and Whitacre, 
2019). The LiB recycling process is generally broken down into three stages: 
1) disassembly; 2) pre-treatment that relies on mechanical or thermal 
separation; and 3) a final chemical treatment involving hydrometallurgy. 
Academic literature has centered on chemical treatment, analyzing 
hydrometallurgical techniques and conditions to optimize leaching efficiency 
and metal recovery. Studies have primarily used mineral acids like nitric acid 
(Lee and Rhee, 2003), hydrochloric acid (Contestabile et al., 2001), and sulfuric 
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acid (Shin et al., 2005). Processes using organic acids such as citric acid (Li et 
al., 2010), phosphoric acid, malic and acetic acids (Li et al., 2018) have also 
been studied since these acids carry fewer harmful environmental effects and 
are not associated with  NOx and SOx gas creation. After acid leaching, solvent 
extraction is generally used to separate the nickel and cobalt (Gaines, 2018), 
allowing for individual metal recovery. 
While academic literature provides ample guidance on chemical treatment 
processes that are scalable commercial volumes, there is a gap in literature 
regarding practical pre-treatment processes that are equally fit for industry. In 
academic studies, the pre-treatment processes employed in laboratory research 
are impractical for commercial volumes.  Studies often describe the cutting 
open of cells with hand tools (Li et al., 2010),(Contestabile et al., 2001), and the 
unwinding of the electrode jelly roll by hand (Chen et al., 2017) followed by 
the soaking of electrodes in N-methyl pyrrolidone (NMP) solvent to remove the 
CAM from the current collector (Contestabile et al., 2001),(Chen et al., 2017); 
however, NMP is costly and not suitable for scaled recycling operations (Yao 
et al., 2018). Even when using machinery for disassembly and physical 
separation, it is often small scale, such as planetary ball mills (Li et al., 2010) 
or household blenders (Sloop et al., 2018),(Zhan et al., 2018).  
There is a need to examine scalable thermal and mechanical pre-treatment 
techniques that can produce valuable feedstocks for reintegration in the supply 
chain. Currently, thermal processes involving pyrolysis and smelting appear to 
be the only scaled industrial processes that  recover cobalt, nickel and  copper 
in a matte (Kushnir, 2015); however, they do not recover lithium or aluminum, 
which are captured in the silica-based slag (Sonoc et al., 2015),(Gaines and 
Dunn, 2014),(Kushnir, 2015),(Diekmann et al., 2017).  
For mechanical separation, the LithoRec Process exemplifies the use of 
shredders, industrial dryers, cutting mills, and vibrating sieves to achieve 
physical separation of cell components (Diekmann et al., 2018). Starting in an 
inert environment with nitrogen gas, modules are shredded, then dried to burn 
off carbon additives and binder, causing the active material to separate from the 
current collector (Diekmann et al., 2017). This is followed by a second cutting 
mill and vibrating sieve to isolate the cathode material and few copper and 
aluminum impurities in a material called “Black Mass.”  Similarly, Retriev 
Technologies begins with a cryogenic process using liquid nitrogen that freezes 
cells, rendering the lithium inactive before shredding, followed by recovery of 
different metal fractions using hammer mills, shaker tables and carbon filter 
presses (Sonoc et al., 2015). In both processes, cobalt, nickel, aluminum, copper 
and lithium are recovered in different forms.  
Disassembly should not impact the amount of lithium or cobalt available 
recovery; however, the pre-treatment process– mechanical or thermal – can 
have significant impacts on 1) the metals available for recovery and 2) the 
amount of each metal available for final treatment. While hydrometallurgy will 
be required for chemical treatment, it is unclear whether industry will use 
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thermal or mechanical pre-treatment to treat millions of battery packs at end-
of-life. This paper assesses the advantages and disadvantages of each pre-
treatment process in terms of energy consumption, variable cost, and maximum 
recoverable metal value.  
2. Methods  
This paper determines the recyclability of lithium, cobalt, copper, and nickel 
within battery packs used for electric vehicles. From Argonne National 
Laboratory’s BatPac Model Version 3.1 (June 2018 Release), we use the bill of 
materials for Battery #3 (79.4 kWh) with the cathode active material (CAM) 
nickel-manganese-cobalt oxide (NMC 622) as the basis for our analysis (See 
“Recycle” tab in BatPac Model) (Nelson, Paul; Gallagher, Kevin; Bloom, Ira; 
Dees, Dennis; Ahmed, 2018). Within the NMC chemistries, we select the ratio 
622 (Ni:6, Mn: 2, Co:2) since it is currently commercializable (Olivetti et al., 
2017),(Turk and Cazzola, 2018). 
The battery pack’s resource attractiveness is assessed by constructing a 
Sherwood Plot and comparing the dilution of metals in the battery pack to the 
dilution of metals in economic ores. On the same plot, an economic recovery 
boundary is constructed using average economic ore grades and average annual 
market prices for 20 metals (See Appendices A.1 and A.2). By comparing the 
metal dilutions in the battery pack with those in economic ores, the battery 
pack’s resource attractiveness at EOL can be quantified by calculating the 
amount of each resource (battery pack or ore) required to produce a unit of 
cobalt, copper, lithium and nickel. 
After assessing resource attractiveness, statistical entropy is calculated at 
disassembly levels (See Appendix C.1) and pre-treatment products (See 
Appendix C.2). Statistical entropy is used as a product recycling heuristic to 
quantify the degree of material mixing by measuring the number of bits – the 
binary separation steps required to isolate a single pure metal from the recycling 
stream. In addition to statistical entropy, we model the energy requirements and 
variable costs of disassembly, mechanical and thermal pre-treatment per battery 
pack.  
2.1 Calculating Energy Metal Concentrations in Battery Packs  
To determine the concentration of target energy metals, mass-based 
calculations were completed at different disassembly levels: cell, module and 
battery pack. The cell contains current collectors, active materials, polymer 
separators, and electrolyte that are sealed in a polymer pouch. Each module 
houses 12 cells. The battery pack comprises 20 modules and a total of 240 cells. 
Based on the BatPac Model, the battery management system (BMS) and the 





𝑇𝑎𝑟𝑔𝑒𝑡 𝐸𝑛𝑒𝑟𝑔𝑦 𝑀𝑒𝑡𝑎𝑙 𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 
=
𝑇𝑎𝑟𝑔𝑒𝑡 𝐸𝑛𝑒𝑟𝑔𝑦 𝑀𝑒𝑡𝑎𝑙 𝐶𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑑𝑔𝑟𝑎𝑚𝑠
𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝑆𝑦𝑠𝑡𝑒𝑚 𝐿𝑒𝑣𝑒𝑙𝑔𝑟𝑎𝑚𝑠
 
Mass-based calculations are also completed for the two pre-treatment products: 
mixed active materials and the matte of CAM metals and copper current 
collector. Mixed active materials consist of the CAM transition metals, carbon 
black additives, oxygen, and graphite anode active material. The matte contains 
nickel, cobalt, and manganese, along with copper anode current collector. The 
electrolyte’s lithium is assumed to not be recovered and thus does not contribute 
to the energy metal concentrations below. In previous studies, the electrolyte is 
not considered a high value material for recycling (Wang et al., 2014). 


















Cobalt 10.00% 8.00% 4.01% 3.72% 2.87% 
Copper 36.00% N/A 16.59% 16.59% 12.80% 
Nickel  29.88% 23.91% 12.86% 11.92% 9.20% 
Lithium* N/A 5.30% 2.66% 2.47% 1.90% 
* Lithium concentrations do not account for lithium present in the electrolyte - Lithium 
Hexafluorophosphate - LiPF6.  
As indicated in Table 1, target energy metals – except for lithium – are present 
in the highest concentrations in thermal pre-treatment’s matte. The matte 
reports higher concentrations than the mechanical pre-treatment’s mixed active 
materials since it does not include the graphite anode materials, the oxygen from 
the CAM’s transition metal oxide, nor the carbon black additives. Disassembly 
increases target metal concentrations and improves secondary resource 
attractiveness – a key finding in previous studies (Johnson et al., 2007).  
2.2 Sherwood Plot for Resource Attractiveness Evaluation  
The Sherwood Plot is constructed to assess the battery pack’s resource 
attractiveness by plotting the metal prices and ore dilutions on a log-log plot. 
For the target metals – lithium, cobalt, nickel and copper – ranges of dilutions 
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based on ore body type are plotted (See Appendix A.2). Prices plotted are the 
average calendar year 2017 price in USD per quantity sold. Quantity sold is 
adjusted to kilogram, i.e. USD$ per kg, from the quoted quantity in Appendix 
A.1. 
For nickel, cobalt and copper, Tisserant and Pauliuk’s data set is used to 
segment global ore grades by resource type and target metals present (Tisserant 
and Pauliuk, 2016). For lithium, Mohr and Mudd’s data set for both lithium 
rock and brine resource grades is used and adjusted to include resources in 
production (Mohr et al., 2012). Additionally, the dilutions of target metals at 
the battery pack, module, cell disassembly levels are calculated. Based on the 
ore body types and disassembly levels in Appendix A.3 and Table 1 
respectively, each target metal will have three unique data points for its ore 
dilutions and three points for battery dilutions.  
The ore dilution data points are combined into a single global average dilution 
for each target metal. Using the global average dilution and market price for 
each metal, a power trend line of best fit is created to represent an economic 
recovery boundary. Assuming processing costs increase with the amount of raw 
material feedstock (i.e. metric tons of the ore body and/or the battery packs), 
the plot suggests that a magnitude increase in dilution will result in a magnitude 
increase in price per unit. All data points to the left of the boundary are 
economically feasible while those to the right of boundary are either too dilute 
or do not have a sufficient market price.  
2.3 Statistical Entropy and Recyclability 
Statistical entropy is applied as a product recycling heuristic at disassembly 
levels and pre-treatment states to quantify the degree of material mixing and 
assess the difficulty to recover individual metals for reintroduction into the 
battery supply chain. Using the statistical interpretation of entropy established 
by Shannon, materials that are mixed in increasingly heterogenous forms will 
encompasses more uncertainty when determining the probability of 
encountering a material in a mixed material stream. Manufactured technologies, 
like battery packs, represent high statistical entropy states since they comprise 
many unique materials that have been formed, stamped, molded, and soldered 
together. Recycling should transform technologies from high entropy states to 
lower ones, yielding “purer” feedstocks for final recovery.  
Statistical entropy is measured in bits (H), which represent the number of binary 
separation steps to isolate a single material in the recycling stream. Relying on 
Shannon’s principle that entropy H is additive, the battery pack’s entropy is 
conceived to be the weighted sum of the entropies at each disassembly levels in 
the battery pack. Using the BatPac Model’s “Recycle Tab,” mass-based 
concentrations of all unique metals and materials (i.e. binder chemicals) were 
calculated at the different battery disassembly levels and pre-treatment 
products. These concentrations are used as the probability variables (pi) in the 
statistical entropy function defined in Section 1.1.2. The sum of the statistical 
9 
 
entropy functions for each variable (i.e. concentration) (Pi) equals the statistical 
entropy (in bits) of that disassembly level or pre-treatment product. 
2.4 Modelling LiB Recycling Processes  
To conceptualize the LiB recycling process, we have outlined the system 
boundaries as follows: 1) disassembly; 2) pre-treatment (mechanical or thermal 
separation); and 3) chemical treatment using hydrometallurgical techniques. 
These system boundaries are largely in line with those discussed in other 
recycling studies (Diekmann et al., 2018) (See Appendix C.3).  
2.4.1 Disassembly  
The disassembly process includes no automation and assumes two high voltage 
technicians (Diekmann et al., 2018) using basic hand tools for two hours to 
disassemble the battery pack to the cell level. We assume that the pack is fully-
discharged to reduce fire risk originating from short circuit (Sonoc et al., 2015).  
Given that recyclers will be treating battery packs from multiple manufacturers, 
we assume automation will be difficult due to the variety of pack and module 
designs (Gaines, 2018),(Herrmann et al., 2012). Additionally, studies indicate 
manual disassembly will likely be required to dismantle battery systems to 
modules and to expose cells inside modules. Automation can be used to 
discharge packs below cutoff voltages and to remove the exposed cells from 
modules; however, the present work does not contain such automated methods 
(Herrmann et al., 2012). Finally, our process assumes disassembly to the cell 
level, which differs from other thermal and mechanical processes that 
disassemble to the module level (Diekmann et al., 2017; Tytgat, 2013). Since 
there is no standardized module design among manufacturers, disassembly to 
the cell provides more volumetric flexibility in how materials are fed into 
equipment and allows cells to be tested for repurposing in other energy storage 
applications. 
2.4.2 Mechanical Pre-Treatment 
A mechanical pre-treatment process is adapted from Diekmann et al.(Diekmann 
et al., 2018) with minor changes: 1) the presence of conveyor belt systems 
between machinery and 2) no second air classification to separate current 
collector foils and separators. Fully discharged cells are processed in an 
industrial shredder with an inert environment to prevent combustion of 
hydrogen fluoride (HF) gas generated by electrolyte evaporation. To separate 
active materials from current collectors, shredded material is placed in an 
industrial dryer at 100 Celsius.  Diekmann’s pilot scale literature indicates 
drying is conducted for one hour depending on the technology (Diekmann et 
al., 2018); however, Diekmann’s original paper cites five hours (Diekmann et 
al., 2017).  In the present work, we model the drying time from pilot plant 
literature as it is likely more representative of commercial scale. The subsequent 
air classification step separates materials based on density, using forced air to 
separate low-density polymer cell casings and plastic separators from higher 
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density active materials, aluminum and copper foils. Cutting mills reduce the 
particle size of the higher density fraction. Finally, a vibrating gravity sieve is 
used to separate materials based on particle size to remove residual copper / 
aluminum foils and recover “black mass” – a mixture of active materials and 
carbon black. This sieve is likely be 250 micron to separate active materials 
with few copper impurities (Gratz et al., 2014). We assume two semi-skilled 
plant operators manage the process. 
2.4.3 Thermal Pre-Treatment 
The thermal pre-treatment process is based on commercialized 
pyrometallurgical battery recycling processes (Diekmann et al., 2017; Gaines, 
2018; Ordoñez et al., 2016) that rely on natural gas-fired furnaces. During 
thermal treatment, the cells’ electrolyte and PVDF binders evaporate, plastics 
and polymers casing combust, and more importantly, the active materials are 
reduced, breaking the chemical bonds in the CAM’s transition metal oxide and 
removing the carbon black additives and graphite anode materials. This process 
yields a matte of transition metals – nickel, cobalt, manganese and copper. 
Aluminum and lithium are captured in a silicon-containing slag that appears 
uneconomic to process (Gaines, 2018; Kushnir, 2015). We assume two plant 
operators are required to monitor the furnace.   
2.5 Recycling Process Energy Consumption and Costs 
Based on Section 2.4, we selected equipment used in the material processing 
and recycling industries with publicly available specifications (See Appendix 
B.1). All energy consumption and variable costs are calculated on a kWh or 
U.S. dollar ($) per battery pack basis.  
2.5.1 Energy Consumption 
For disassembly energy consumption, each high voltage technician is assumed 
to consume  16,000 kJ per 24-hour period (Schobert, 2014). Disassembly is 
assumed to require two hours and two technicians, equating to 2,667 kJ per 
battery pack.   
To calculate mechanical pre-treatment energy consumption, we determine the 
appropriate size and capacity of each piece of equipment required and the 
processing time. The industrial shredder and its theoretical processing rate of 
55 battery packs per hour (roughly 13,200 cells) is used as the basis for all other 
equipment sizes. The industrial shredders’ processing time per battery pack is 
calculated based on cell dimensions, feed opening dimensions, and the shredder 
blades’ circumference and rotations per minute. Processing time per battery 
pack is multiplied by the manufacturer-specified power requirements to 
calculate energy consumption in kWh per battery pack.  
In addition to the shredder, equipment was sized based on cell dimensions and 
the aggregate cell volume on a battery pack basis. For simplicity, we assumed 
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that shredded cells retain the same volume as before shredding. Additionally, 
after the first air classification, we assume all polymer casing and separators 
were removed – resulting in a 20% linear reduction in mass and volume. For 
the cutting mill and vibrating sieve, processing time was calculated with the 
post-air classification volume - 80% of pre-air classification volume.   
Processing times are from literature, such as the industrial dryer, or calculated 
by multiplying the work area of each equipment by the optimal feed rates in 
linear length (feet, centimeters, millimeters) per second, such as the shredder 
and cutting mill. For the vibrating sieve, processing time is assumed to be three 
minutes per battery pack. Since there is no conveyor belt between the air 
classification system, cutting mill, and vibrating sieve, all equipment is 
assumed to be operational for the duration of the sum of each machine’s 
processing times.  
Thermal pre-treatment energy consumption is based on the amount of input 
energy required to treat one metric ton of battery scrap - 0.69 mmbtu. This is 
based on data from Umicore, the Belgian materials technology and recycling 
group, cited in literature (Dunn et al., 2014). The energy required per battery 
pack is calculated by dividing by the number of battery packs per ton of battery 
scrap. Given that cell mass from one battery pack is 343.2 kg, there are 
approximately 2.91 battery packs in one ton of battery scrap (Jones et al., 1997).  
In the absence of a thermal pre-treatment process time in literature, a patent 
review of thermal battery recycling processes yielded furnace residence times 
as short as 26 minutes for cobalt-containing lithium-ion batteries (阿部, 1993) 
and 30 minutes for zinc, cadmium, lead and alkaline batteries,(Hanulik, 1995) 
respectively. We assumed a minimum process time of 30 minutes per battery 
pack since the mechanical processing time is also representative of minimum 
process time for shredding and sieving.   
2.5.2 Variable Costs  
Variable costs related to energy and labor are calculated using process times 
per battery pack in Section 2.5.1. For energy, the Energy Information 
Administration’s FY2017 average industrial electricity rate – 6.88 cents per 
kWh (U.S. Energy Information Administration, 2019a) and average industrial 
natural gas price - $4.10 per thousand cubic ft (HHV) (U.S. Energy Information 
Administration, 2019b) are used. For labor, there are two hourly pay scales: 
high voltage technician - US$25 per hour and plant operator - US$45 per hour.  
2.6 Relating Statistical Entropy to Energy Consumption and Costs  
Statistical entropy calculations assume that the battery pack is disassembled in 
a series of binary separation steps. At each binary separation step, substances 
are removed, reducing statistical entropy as the remaining battery components 
advance to the next step. The energy and cost efficiency of each step is 
calculated by dividing the energy consumed or variable cost incurred in the step 
(kWh or $) by the reduction in statistical entropy (in bits).    
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2.7 Maximum Recoverable Metal Value Calculation 
Previous studies have presented “commodity value” calculations(Wang et al., 
2014) that assess the maximum recoverable metal value based on the battery 
cells’ contained metal content and average market prices. Taking it one step 
further, we incorporate recovery efficiencies for the disassembly and pre-
treatment processes. These efficiencies are subsequently multiplied by the 
battery pack’s metal content and respective FY17 average metal prices.  For 
disassembly, we assumed 90% recovery efficiency of contained copper and 
aluminum from the module and battery pack levels. For thermal pre-treatment, 
recovery efficiencies range from 80 - 90% (Kushnir, 2015) while efficiencies 
of 72.5% (Diekmann et al., 2017) - 80% (Diekmann et al., 2018) are used for 
mechanical pre-treatment.  The 72.5% figure is assumed to be mixed active 
materials (i.e. “Black Mass”) net of copper, aluminum, and other impurities. 
The same recovery efficiency is assumed for each metal in each process.  
3. Results  
On our Sherwood Plot in Figure 1, target metal market price and average 
dilution in economic ores maintain a statistically significant positive 
correlation. A magnitude increase in dilution generally equates to a magnitude 
increase in price. This is evident when comparing common metals (i.e. 
chromium, tin, aluminum, and lead) with semi-precious and precious metals 
like silver, gold and platinum group elements. Silver’s dilution is roughly three 
magnitudes higher than chromium (17380.95 vs. 6.48) and consequently has a 
market price three magnitudes higher ($601.75 vs. $0.26 per kg). This analysis 
supports Thomas Sherwood’s findings as well as those in previous analyses 
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(Dahmus and Gutowski, 2007),(ALLEN and Behmanesh, 1994; Johnson et al., 
2007). 
 
The power line of best fit (-----) represents the “Economic Recovery 
Boundary,” which symbolizes the economic dilution of a target metal required 
for processing an ore. Our economic recovery boundary captures over 70% of 
the variation between average metal dilutions in ores and price. Dilutions to the 
left of the economic recovery boundary are considered economic.  
 
Several target metal dilutions may appear to be uneconomic; however, it is 
important to consider other factors in resource economics. First, metals usually 
occur in combinations in ore bodies. For example, cobalt is a companion metal 
to other base metals like copper and nickel.  Low cobalt grades are often 
compensated by high copper grades in copper-cobalt resources and vice versa. 
On the secondary resource side, battery packs also contain a combination of 
target metals with each one contributing to the pack’s residual value – cobalt, 
nickel, lithium, and copper.  In addition to multiple target metals, process 
technologies may allow ores with high dilution of target metals to become 
economically viable. With lithium, brine evaporation processes allow salt brine 
Figure 1: The Economic Recovery Boundary and Metal Dilutions in Economic Ores – 
Horizontal bars represent the dilution range for each metal’s ore  plotted on the x-axis; Bars’ 
vertical position on  y-axis is based on the FY17 US$ average price per kilogram. The 
economic recovery boundary is the dotted line of best fit based on the average dilution for 
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The Economic Recovery Boundary and Metal 
Dilutions in Economic Ores 
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resources with dilutions roughly 1x magnitude higher than hard rock resources 
to be economical. The Salar de Atacama, a brine resource, has a lithium dilution 
of roughly 666.67 whereas Greenbushes, a hard rock resource, has a dilution of 
52.63 (Mohr et al., 2012).  
3.1 Battery Pack vs. Economic Ores  
In Figure 2, dilution ranges of lithium, copper, cobalt, and nickel at different 
battery pack disassembly levels are compared to those in economic ores from 
Figure 1. All battery pack dilutions plot to the left of the economic recovery 
boundary, confirming that the battery pack is well-suited for recycling based on 
metal content. Each metal’s horizontal bar represents a dilution at a disassembly 
level from the battery pack (far right point on bar) to the cell (far left point on 
bar). At the battery pack level, without any disassembly, copper and nickel 
dilutions are roughly 1x magnitude lower than the best nickel and copper 
containing ores. For perspective, to produce 1 metric ton of nickel metal, it 
would require 10.1 metric tons of battery pack (24 battery packs) compared to 
105 metric tons of the highest-grade nickel-bearing ore. Similarly, 8 metric tons 
of battery pack (19 battery packs) would be required to produce 1 metric ton of 
copper compared to 90.2 metric tons of the highest-grade copper-bearing ore. 
 
For lithium and cobalt, resource attractiveness is less strong at the battery pack; 
however, disassembly to the cell decreases dilution by at least 20% for both 
metals since they are constituents of the CAM. Even at the battery pack level, 
Figure 2: Metal Dilutions in Battery Pack vs. Economic Ores – Dilutions of metals in the 
battery pack (circled) are favorable to corresponding dilutions in economic ores, indicating 
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Metal Dilutions in Battery Pack vs. Economic Ores 
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it would require 30 metric tons of battery pack to produce 1 ton of cobalt metal 
compared to 100 tons of the best cobalt-bearing ore. When disassembly to the 
mixed active material level is considered, only 13.15 metrics of mixed active 
materials would be required to produce 1 ton of cobalt metal – incredibly 
favorable for a metal that typically grades less than 1%.  
For nickel, disassembly also yields a similar 20% improvement in dilution since 
nickel is the primary transition metal in NMC 622. Copper dilution is also 
improved with disassembly, but to a lesser extent, resulting in 16% decrease in 
copper dilution from the battery pack to cell disassembly level. Disassembly 
has a lesser effect on copper dilution reduction because copper is present at the 
module and pack in meaningful quantities; however, the bulk of the battery 
pack’s copper (76%) is contained in the cells since copper foil is used as the 
anode current collector.  
Based on improvements in dilution alone, EV battery pack’s nickel and copper 
appear to merit recycling the most compared to their natural resource 
counterparts; however, cobalt is the clear metal value driver of LiB recycling 
with the most favorable combination of market price and dilution of any target 
metal. Our graphical representation supports previous authors assertions about 
battery waste being bought and sold based on cobalt content (Gaines, 
2018),(Diekmann et al., 2018),(Ciez and Whitacre, 2019). 
3.2 Statistical Entropy of Battery Pack and Pre-Treatment Products  
Statistical entropy and energy consumption analyses complement the Sherwood 
plot by 1) highlighting which binary separation step has the greatest impact in 
reducing entropy and 2) indicating the relative energy and cost efficiencies of 
mechanical and thermal pre-treatment processes.   
Battery pack level entropy is calculated to be 2.85 bits. During manual 
disassembly to the cells, statistical entropy decreases to 2.48, roughly 13% 
reduction in entropy; however, pre-treatment yields the greatest decrease in 
entropy. Thermal pre-treatment appears to reduce entropy by 46% to 1.35 bits 
while mechanical reduces entropy by only 32% to 1.70 bits.  
As shown in Figure 3, thermal pre-treatment generates a product with a lower 
statistical entropy than mechanical; however, mechanical pre-treatment’s 
mixed active materials contain almost twice the number of unique materials 
than the thermal treatment’s matte product. In terms of proportionality, thermal 
pre-treatment’s matte appears to be more proportionally heterogenous than the 
mixed active materials, a characteristic that reduces purity and contributes 
unfavorably to statistical entropy. Despite having half the number of unique 
materials, the matte’s statistical entropy is 1.35 bits – only 21% less than mixed 




We were unable to find a statistical entropy calculation for a BEV battery pack 
in literature; however, Zeng et al. calculates the statistical entropy for a LiB cell 
to range from 1.8 to 2.1 bits (Zeng and Li, 2016a) – lower than our calculation 
of 2.48 bits. There are several reasons why our results differ from Zeng et al.  
In Zeng et al.’s statistical entropy calculation, the CAM could be treated as a 
singular substance while our study treats each element in the CAM as a unique 
substance with a probability of occurrence, which increase entropy.  When 
active materials are treated as singular substances in the present study, the cell’s 
statistical entropy is 1.89 bits – in line with Zeng’s calculation range. We choose 
to calculate entropy at the elemental level to compare mechanical and thermal 
pre-treatment processes since thermal processing separates cathode materials 
into a matte comprising elemental metals. Zeng’s calculation may also be lower 
if a different CAM, such as lithium cobalt oxide (LCO), was modeled in the 
statistical entropy calculation. The CAM modeled in this study, NMC 622, 
contains two more elements than LCO and is more proportionally 
heterogenous, meaning that it will report a higher statistical entropy than LCO.  
3.3 Energy Modelling of Recycling Processes  
Thermal pre-treatment consumes 40 + kWh more energy per battery pack than 
mechanical pre-treatment due to the furnace’s higher energy requirements 
compared to mechanical pre-treatment equipment. Other studies suggest that 
shaft furnaces require 5000 MJ of energy per metric ton of battery waste.(Sonoc 
et al., 2015) When this figure is converted to kWh and attributed to the Battery 
Pack #3 cell mass (341.57 kg),  energy consumption totals  474.35 kWh per 
battery pack – further substantiating that thermal pre-treatment requires at least 
two times the energy that mechanical requires. It is important to note that the 
bulk (80%) of the mechanical pre-treatment energy consumption is related to 
Figure 3: Pre-Treatment Product Entropy Comparison - Mixed active materials report a higher 
entropy figure (1.70 bits) than the matte product (1.35 bits) because the mixed active materials 
has almost twice the number of unique elements. The matte is more proportionally 
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the air classification step, which separates metals from polymer casing / 
separators based on density (Diekmann et al., 2017). Mechanical pre-treatment 
could be even more efficient if less energy-intensive air classification 
equipment is identified.  
 
Figure 4: Entropy vs. Pre-Treatment Energy Consumption – Thermal Pre-Treatment requires 
2.73 more times energy (71.29 vs. 26.08 kWh) than Mechanical Pre-Treatment to achieve only 
15% more statistical entropy reduction. Mechanical Pre-Treatment is a much more energy 
efficient process for reducing statistical entropy. 
Each separation step’s energy consumption in kWh per bit of is calculated. 
Mechanical pre-treatment requires 33.44 kWh per bit of entropy reduced – 
much more efficient than thermal pre-treatment’s 63.09 kWh per bit. Overall, 
disassembly still yields the most favorable energy efficiency of all separation 
steps (6.08 kWh per bit), highlighting the lower energy intensity of human labor 
versus machinery (See Appendix B.2).  
 
3.4 Cost Modelling of Recycling Processes  
After disassembly, thermal pre-treatment requires roughly one-half of 
mechanical pre-treatment’s variable costs per battery pack as shown in Figure 
5. Labor cost, dictated by process times, is the most significant variable cost 
driver for both pre-treatment processes. Assuming plant operators are employed 
for the duration of each process, thermal labor costs total $46.63 per battery 
pack while mechanical labor costs total $121.80 per battery pack. The 1-hour 
process time for the industrial drying step accounts for the bulk of this cost - 
$90. To highlight the process time difference, mechanical pre-treatment 
requires a minimum 80 minutes per battery pack while thermal requires a 























































mechanical and $2.48 for thermal. If drying time can be reduced or another 
method implemented to separate the active materials from the current 
collectors, then mechanical pre-treatment could be more competitive from a 
variable cost perspective. 
Figure 5: Entropy vs. Pre-Treatment Variable Costs - Mechanical Pre-Treatment is almost 1.5 
as expensive ($221.80 vs. $149.12) than Thermal Pre-Treatment per battery pack and achieves 
0.35 bits less entropy reduction. Thermal Pre-Treatment is a much more cost-efficient process 
for reducing statistical entropy. 
Outside of the pre-treatment process, disassembly still represents a significant 
variable cost per battery pack. For disassembly, two high voltage technicians 
working for two hours results in $100 per pack – representing anywhere from 
40-50% to upwards of 70% of total variable costs in Figure 5. Previous works 
have emphasized the disassembly labor cost sensitivity, suggesting reversible 
joining between components and the use of standard fasteners and bolts instead 
of welds can reduce disassembly time (Gaines and Dunn, 2014). Looking at 
cost efficiencies in reducing entropy, thermal’s high entropy reduction (1.13 
bits) combined with short process time, i.e. fewer labor hours, make it the most 
cost-effective pre-treatment method - $43.47 per bit – compared to 
Mechanical’s $156.15 per bit.  Disassembly is the least cost-efficient step - 
$277.78 per bit – highlighting again the importance of labor costs (See 
Appendix B.3). 
3.5 Flow Rates, Process Times and Equipment Capacity 
While thermal pre-treatment observes favorable variable costs compared to 
mechanical, a combination of other factors influences battery recycling 
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time – are dictated by individual equipment process times and equipment 
capacity at each step. By optimizing flow rates, time-based labor costs can be 
allocated across more battery packs, reducing variable cost per battery pack. In 
the present analysis, pre-treatment processes are not comparable on an 
equipment capacity basis, which impacts the ability to allocate variable costs. 
Equipment capacity is also not a variable cost; rather, it requires capital costs 
that are not evaluated in this study. The authors recognize that thermal pre-
treatment equipment, i.e. gas-fired furnaces, will bear greater capital costs than 
mechanical pre-treatment machines. This is economically unfavorable for 
thermal and advantageous to mechanical.  
3.6 Maximum Recoverable Metal Value  
Mechanical pre-treatment maintains favorable maximum recoverable metal 
value over thermal pre-treatment in all recovery scenarios since mechanical 
recovers lithium in addition to nickel, cobalt, and copper.  Comparing 
mechanical’s lower recovery efficiency (72.5%) to thermal’s higher recovery 
efficiency (90%), mechanical reports a maximum recoverable metal value of 
$1809.42 per battery pack – still 16% higher than thermal’s value. When 
mechanical pre-treatment’s higher bound of recovery efficiency (80%) is 
compared to thermal pre-treatment’s lower bound (80%), mechanical achieves 
a maximum recoverable metal value 42% higher than thermal pre-treatment 
(See Appendix D.1). Results are sensitive to price fluctuations and potential 
differences in each metal’s recovery efficiency. As mentioned in Section 2.7, 
the same recovery efficiency is assumed for all metals in each recovery 
efficiency scenario.  
To determine which metal price has the greatest impact on the maximum 
recoverable metal value results, a sensitivity analysis for metal price 
fluctuations was performed (See Appendix D.2). Maximum recoverable metal 
values for both processes are most sensitive to cobalt prices, which serve as the 
value driver for battery recycling as discussed in Section 3.1. Between the two 
processes, thermal pre-treatment is 1.4x more sensitive to cobalt prices than 
mechanical pre-treatment, meaning a change in cobalt prices has a greater 
impact on thermal pre-treatment profitability than mechanical pre-treatment.  
4. Conclusions for Recyclability  
This analysis establishes that EV battery packs are attractive sources of cobalt, 
copper, lithium and nickel based on favorable metal concentrations, often 10x 
higher than economic ores. The pre-treatment processes to recover these metals 
have respective trade-offs between energy consumption, product purity, 
variable cost and maximum recoverable metal value. Our analysis suggests that 
the defining differences between the pre-treatment processes are process time 
and lithium recovery, which influence variable costs and maximum recoverable 
metal value respectively.  Thermal pre-treatment reduces statistical entropy to 
a greater extent than mechanical pre-treatment, producing a purer feedstock for 
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hydrometallurgical recovery; however, it only recovers one of the strategic 
metals – cobalt – and not lithium. Mechanical pre-treatment allows for lithium 
recovery, which increases maximum recoverable metal value, but bears higher 
processing times that increase variable labor costs per battery pack. Both pre-
treatment processes remain highly sensitive to cobalt prices, thermal more so 
than mechanical.  
Apart from economics, policy can play a crucial role in determining which pre-
treatment process becomes more prevalent.  Existing policy, most notably the 
2006 EU Battery Directive, was designed primarily for portable electronics – 
before the rise of larger format BEV battery packs. Research is needed in the 
policy arena to determine the appropriate balance of regulation for BEV battery 
packs, such as design practices for recycling and even labelling or designating 
battery components such that recyclers understand the materials arriving at their 
facilities (Gaines, 2014). Regulation on hazardous material disposal can also 
influence where and how pre-treatment processes are adopted. While future 
policy is uncertain, pre-treatment processes exist, and the BEV battery pack is 





Appendix A.1: Metal Pricing Data 
Metal 
Average Price –    
FY 2017 
          
Volume Quote 
Aluminum  $                   1,980.13  Metric Tonne 
LME Primary Aluminum 3 
Month Rolling Forward 
Manganese  $                          4.58  DMTU1 
South Africa Manganese Ore 
38% FOB 
Chromium  $                      244.06  Metric Tonne 
China Chrome Concentrate South 
Africa 42% CIF; South Africa 
Chrome Concentrate 42% FOB  
Zinc  $                   2,890.10  Metric Tonne 
LME Zinc 3 Month Rolling 
Forward 
Lead  $                   2,325.20  Metric Tonne 
LME Lead 3 Month Rolling 
Forward 
Nickel  $                10,469.19  Metric Tonne 
LME Nickel 99.8% Purity 3-
Month Rolling Forward 
Copper  $                   6,200.10  Metric Tonne 
LME Copper 3 Month Rolling 
Forward 
Molybdenum  $                15,647.12  Metric Tonne LME Molybdenum 3MO ($) 
    Lithium  $                13,731.01  Metric Tonne 
 
Benchmark Mineral Intelligence - 
Average of South America 
Lithium Carbonate (LC) FOB 
Swap, Europe Lithium Carbonate 
CIF Swap, Asia LC CIF Swap, 
North America LC CIF Swap  
Cobalt  $                57,567.87  Metric Tonne 
LME Co Metal 99.3% 3-Month 
Forward  
Tin  $                19,998.77  Metric Tonne 
LME 3-Month Forward Official 
Price Tin  
Silver  $                        17.06  Troy Ounce LBMA Silver Price USD 
Platinum  $                      950.91  Ounce 
Johnson Matthey Platinum Spot 
Price 
Rhodium  $                   1,108.88  Ounce 
Johnson Matthey Rhodium Spot 
Price 
Palladium  $                      870.85  Ounce 
Johnson Matthey Palladium Spot 
Price 
Gold  $                   1,257.09  Troy Ounce 
Average of LBMA Gold Price 
PM, LBMA Gold Price AM 
Cadmium  $                          0.80  Pound 
Europe Cadmium Ingott 99.95% 
In warehouse Rotterdam  
Gallium  $                      130.46  Kilogram 
China Gallium Metal 99.99% 
FOB  
Mercury2  $                        62.15  Kilogram 
China Mercury Metal 99.999% 
FOB  
Selenium  $                        14.36  Pound 
China Selenium Powder 99.9% 
CIF  
Tantalum  $                        68.80  Pound 
China Tantalum Concentrate 
Ta2O5 30% CIF  
Vanadium  $                     5.99  Pound 
Europe Vanadium Pentoxide 98% 
In warehouse Rotterdam 
Tungsten  $                 239.28  10-Kilograms 




1Dry Metric Ton    
2Originally quoted in Chinese Yuan (CNY); Converted to USD at CNY-to-USD Exchange Rate: 
6.718 
  






Aluminum 0.2 0.3 
(The International Aluminium Institute, 
2018) 
Manganese 0.1 0.54 (Matricardi and Downing, 2012) 
Chromium 0.11 0.27 (Papp and Lipin, 2010) 
Zinc 0.02 0.12 (Goodwin and by Staff, 2012) 
Lead 0.02 0.06 (King et al., 2014) 
Nickel  0.003 0.0095 (Tisserant and Pauliuk, 2016) 
Copper 0.003 0.01 (Tisserant and Pauliuk, 2016) 
Molybdenum 0.2 0.4 (Steifel, 2010) 
Lithium  0.0006 0.009 (Mohr et al., 2012) 
Cobalt 0.0003 0.01 (Tisserant and Pauliuk, 2016) 
Tin 0.00015 0.009 (Gaver, 2013) 
Silver 0.000015 0.00003 (Rudenno, 2012) 
PGE - 4E1 0.00000117 0.0000048 (Mudd, 2012) 
Gold 0.000001 0.000008 (Rudenno, 2012) 
Cadmium  0.0005 0.008 (Schulte-Schrepping and Piscator, 2000) 
Gallium  0.000003 0.000008 (Greber, 2000) 
Mercury  0.002 0.035 (Simon et al., 2006) 
Selenium  0.0001 0.0004 (Hoffmann and King, 2010) 
Tantalum 0.0002 0.0004 (Albrecht et al., 2011) 
Vanadium  0.01 0.02 (Baroch and by Staff, 2013) 
Tungsten 0.005 0.02 (Penrice, 2010) 









Appendix A.3: Cobalt, Copper, and Nickel Grades by Ore Type 
Ore Type  Cobalt 
Grades 
Copper Grades Nickel Grades 
Cobalt-Copper 0.27% 1.11% N/A 
Cobalt-Nickel 0.08% N/A 0.95% 
Cobalt-Copper-Nickel 0.03% 0.40% 0.61% 
Cobalt 1.00% N/A N/A 
Copper N/A 0.71% N/A 
Nickel  N/A N/A 0.88% 













































Belt width: 20"; 






450 mm x 600 






900 kg/hr feed 







170 mm x 220 















Separator  30 " diameter 1.5 HP 0.37 
Thermal 
Gas-Fired 
Furnace N/A N/A 0.69 mmbtu2 0.50 
 
1For energy consumption, work time is multiplied by the number of conveyor belts present in each 
pre-treatment process described in Appendix C.2: Pre-Treatment Processes.  
2 Energy requirement per metric ton of battery scrap 
 








kWh / Bit  
Manual Disassembly 0.36 2.22 6.08 
Mechanical Pre-
Treatment 
0.78 26.08 33.44 
Thermal Pre-
Treatment 











Cost $ / Bit  
Manual 
Disassembly 
0.36  $         100.00   $       277.78 
Mechanical Pre-
Treatment 
0.78    $         121.80  $       156.15 
Thermal Pre-
Treatment 
1.13 $         49.12  $         43.47 
 
 





























Appendix D.1: Economic Recovery Scenarios  











Price $/Kg Value  
Lithium 50.63 80.0% N/A N/A N/A 
Nickel  42.46 80.0% 33.97  $    10.47   $          355.63  
Cobalt  14.21 80.0% 11.37  $    57.57   $          654.61  
Copper 2 51.14 80.0% 40.91  $      6.20   $          253.67  
Copper 
(Disassembly) 
3 2.85 90.0% 2.57  $      6.20 $            15.90 
Aluminum  
(Disassembly)
3 63.89 90.0% 57.50  $      1.98 $          113.85 
  Maximum Recoverable Metal Value 
   
      $ 1,393.66  
      











Price $/Kg Value  
Lithium 50.63 90.0% N/A N/A N/A 
Nickel  42.46 90.0% 38.21  $    10.47   $          400.08  
Cobalt  14.21 90.0% 12.79  $    57.57   $          736.44  
Copper 2 51.14 90.0% 46.03  $      6.20   $          285.38  
Copper 
(Disassembly) 
3 2.85 90.0% 2.57  $      6.20 $          15.90 
Aluminum  
(Disassembly)
3 63.89 90.0% 57.50  $      1.98 $          113.85 
  
Maximum Recoverable Metal 
Value       $ 1,551.66  
































Price $/Kg Value  
Lithium1 50.63 72.5% 36.71  $    13.73   $          504.00  
Nickel  42.46 72.5% 30.78  $    10.47   $          322.29  
Cobalt  14.21 72.5% 10.31  $    57.57   $          593.24  
Copper 2 51.14 72.5% 37.08  $      6.20  $          229.89  
Aluminum 2 21.02 72.5% 15.24  $      1.98  $            30.18  
Copper 
(Disassembly) 
3 2.85 90.0% 2.57  $      6.20 $            15.90 
Aluminum  
(Disassembly)
3 63.89 90.0% 57.50  $      1.98 $          113.85 
  
Maximum Recoverable Metal 
Value 
         
      $ 1,809.36  
 
       
Mechanical Pre-Treatment - HIGH    










Price $/Kg Value  
Lithium1 50.63 80.0% 40.85  $    13.73   $          555.86  
Nickel  42.46 80.0% 33.97  $    10.47   $          355.63  
Cobalt  14.21 80.0% 11.37  $    57.57   $          654.61  
Copper 2 51.14 80.0% 40.91  $      6.20   $          253.67  
Aluminum 2 21.02 80.0% 16.82  $      1.98   $            33.30  
Copper 
(Disassembly) 
3 2.85 90.0% 2.57  $      6.20 $            15.90 
Aluminum  
(Disassembly)
3 63.89 90.0% 57.50  $      1.98 $          113.85 
  
Maximum Recoverable Metal 
Value      $ 1,983.17 
      
1 Lithium value is based on lithium carbonate prices. Lithium carbonate is displayed in 
“Amount Available (Kg)” and “Recovered (Kg).” Elemental lithium is converted into 
lithium carbonate quantity by multiplying by 5.32.  
2   Calculated as contained metal in the cells; Excludes contained metal at the module and 
battery pack level  
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